Background: Using knowledge-based interpretation to analyze omics data can not only obtain essential information regarding various biological processes, but also reflect the current physiological status of cells and tissue. The major challenge to analyze gene expression data, with a large number of genes and small samples, is to extract disease-related information from a massive amount of redundant data and noise. Gene selection, eliminating redundant and irrelevant genes, has been a key step to address this problem. Results: The modified method was tested on four benchmark datasets with either two-class phenotypes or multiclass phenotypes, outperforming previous methods, with relatively higher accuracy, true positive rate, false positive rate and reduced runtime. Conclusions: This paper proposes an effective feature selection method, combining double RBF-kernels with weighted analysis, to extract feature genes from gene expression data, by exploring its nonlinear mapping ability.
Background
Gene expression data can reflect gene activities and physiological status in a biological system at the transcriptome level. Gene expression data typically includes small samples but with high dimensions and noise [1] . A single gene chip or next generation sequencing technology can detect at least tens of thousands of genes for one sample, but when it comes to some diseases or biological processes, only a few groups of genes are related [2, 3] . Moreover, testing these redundant genes not only demands tremendous search space but also reduces the performance of data mining due to the overfitting problem. Thus, extracting the disease-mediated genes from the original gene expression data has been a major problem for medicine. Moreover, the identification of appropriate disease-related genes will allow the design of relevant therapeutic treatments [4, 5] .
So far, several feature selection methods have been suggested to extract disease-mediated genes [6] [7] [8] . Zhou et al. [3] proposed a new measure, LS bound measure, to address numerous redundant genes. Several statistical theories (χ 2 et al.) and classic classifiers (Support Vector Machine et al.) have been used in feature selection [9] . In general, these methods can be divided into three categories: filter, wrapper and embedded methods [9, 10] . The filter method is based on the structural information of the dataset itself, which is independent of the classifier, and it selects a feature subset from the original dataset using a certain evaluation rule based on statistical methods [11] . The wrapper method [12] is based on the performance of the classifier to evaluate the significance of feature subsets, while the embedded method [13] combines the advantage of filter and wrapper methods, selecting feature genes using a pre-determined classification algorithm [14, 15] . Since the filter methods are independent of the classifier, the computational complexity of these methods is relatively low, hence, they are suitable for massive data processing [16] . Yet, wrapper methods can reach a higher accuracy, but they also have a higher risk of over-fitting.
Kernel methods have been one of the central methods in machine learning in recent years. They have widely been applied to the area of classification and regression. A kernel method has the capability of mapping the data (non-linearly) to a higher dimensional space [17] . Hence, by using the kernel method, the dimension of the observed data such as gene expression data can be significantly reduced, that is, the irrelevant genes can be filtered by kernel method, thus revealing the hidden inherent law in the biological system [18] . Characteristically, kernels have a great impact on learning and predictive results of machine learning methods [5, 19] .
Although a great number of kernels exist and it is intricate to explain their distinctive characteristics, kernels used by feature extraction can be divided into two classes: global and local kernels, such as polynomial and radial basis function (RBF) kernels. The influence of different types of kernels on the interpolation and extrapolation capabilities has been investigated. In global kernels, data points far away from the test point have a profound effect on kernel values, while, by using local kernels, only those close to the test point have a great effect on kernel values. The polynomial kernel shows better extrapolation abilities at lower orders of the degrees, but requires higher orders of degrees for good interpolation, while the RBF-kernel has good interpolation abilities, but fails to provide longer range extrapolation [17, 20] .
KBCGS [20] is a new filter method based on the RBF-kernel using weighted gene measures in clustering. This supervised learning algorithm applied global adaptive distance to avoid falling in local minima. The RBF kernel function has been proven useful when it comes to show a satisfactory global classification performance for gene selection. Yet, exploring this problem in depth definitely needs further research. A typical mixture kernel is to construct a convex combination of basis kernels. Based on the characteristics of the original kernel function, linear fusion of a local kernel function and a global kernel function can constitutes a new mixed kernel function. Several mixture kernels have been introduced in [21] [22] [23] to overcome limitations of single-kernel, which can enhance the interpretability of the decision, function and improve performance. Phienthrakul et al. proposed Multi-scale RBF Kernels in Support Vector Machines and demonstrated that the use of Multi-scale RBF Kernels could result in better performance than that of a single RBF on benchmarks [23] .
In this paper, we modified KBCGS based on double RBF-kernels, and applied the proposed method to feature selection of gene expression. We introduced the double RBF-kernel to both SVM and KNN, and evaluated their performance in the area of gene selection.
This mixture describes varying degrees of local and global characteristics of kernels only by choosing different values of γ 1 and γ 2 . We combined the double RBF-kernel with a weighted method to overcome the limitations of single and local kernel. As an application, we provided a feature extraction method which uses this kernel, applying our method to several benchmark datasets: diffuse large B-cell lymphoma (DCBL) [24] , colon [2] , lymphoma [1] , gastric cancer [25] , and mixed tumors [26] to evaluate its performance. The results demonstrate that this method allows better discrimination in gene selection. In addition, the method is superior when it comes to accuracy and efficiency if we compare this technique with traditional gene selection methods.
This paper provides a brief overview of the gene selection method for expression data analysis, then, the improved KBCGS method called DKBCGS (Double-kernel KBCGS), in which the two classification methods were used for the clustering analysis was compared to six popular gene selection methods. The last section of the paper provides a comprehensive evaluation of the proposed method using four benchmark gene expression datasets.
Methods
Gene expression data with l genes and n samples can be represented by the following matrix:
X i is a row vector that represents the total gene expression levels of sample i and x ij is the expression level of gene j of sample i.
Cluster center
In this paper, we used Z-score to normalize the original data. The standard score Z used for a gene is as follows:
where, x is the expression level of a gene in a sample, μ is the mean value of the gene across all samples, and σ is its standard deviation of the gene across all samples.
The cancer classification was formulated as a supervised learning problem, defining the cluster center as:
In this equation, I = 1, 2,…, C, j = 1,2,…,n, k = 1,2,…,l, C i is the number of samples contained in class C i , respectively. Hence, V i = [v i1 ,…,v il ] is the cluster center of class C i .
Double RBF-kernels
The kernel function acts as a similarity measure between samples in a feature space. A simple form of similarity measure is the dot product between two samples. The most frequently used kernel is a positive definite Gaussian kernel [27] . The classic Gaussian kernel on two samples x and x i , represented as feature vectors in an input space, is defined by:
where, γ 1 > 0 is a free parameter. It is a positive definite kernel representing local features, therefore, it can also be used as the kernel function to weight genes for the gene selection method. Kernel methods have already been applied to many areas due to their effectiveness in feature selection and dimensionality reduction [27] . However, for the purposes of these methods, the focus is on creating a more general unified mixture kernel that has capabilities of both local and global kernels.
This work utilizes a double RBF-kernel as a similarity measure. The number choice of kernels could typically depend on the level of heterogeneity of the datasets. Increasing numbers of kernels helps to improve accuracy, but increase the computational cost. Therefore, we have to find a compromise between multiple kernels learning and double RBF-kernel learning, based on the performance and computational complexity. In most case, two RBF kernels are enough to handle most data with reasonable accuracy and computational cost. It should be emphasized that the proposed nonlinear kernel method is based on the combination of two RBF-kernels that has few limitations when calculating the distance among genes as follows:
To further illustrate Eq. (5), the mapping relationships were plotted between the formula Eq. 5 and RBF-kernel by Figs. 1 and 2. Figures 1 and 2 clearly show the fat-tailed shape of the mapping changes with γ 1 , γ 2 and compared to the RBF mapping parameter γ 1 . Figure 2 shows changing parameters γ 1 , γ 2 , the lower graph varies more slightly than the upper one. Therefore, the double-kernel can fit data better with less impact by outliers, indicating that the double-kernel has better flexibility than the single-kernel. The fat-tail characteristics make the double RBF kernels have better learning ability and better generalization ability than a RBF-kernel. 
Kernels as measures of similarity
Suppose Φ : X ⟶ F is a nonlinear mapping from the space X to a higher dimensional space F, By applying the mapping Φ, then the dot product x T k x l in the input space X is mapped to Φ(x k ) T Φ(x l ) in the new feature space. The key idea in kernel algorithms is that the non-linear mapping Φ doesn't need to be explicitly specified because each Mercer kernel can be expressed as:
that is usually referred to as kernel trick [22] . Then, the Euclidean distances in F yields:
Then, a dissimilarity function between an sample and a cluster centroid could be defined as:
Gene ranking and selection
The most used gene selection methods belong to the so-called filter approach. Filter-based feature ranking The horizontal axis is given by ‖x − x i ‖ 2 and the vertical axis is given by K γ 1 γ 2 ðx; x j Þ methods rank genes independently without any learning algorithm. Feature ranking consists of weighting each feature according to a particular method, then selecting genes based on their weights. In this paper, our method DKBCGS is based on a KBCGS method improved to achieve higher accuracy and converge faster.
The KBCGS method adopted global distance, assigning different weights to different genes. The clustering objective function is given by:
where w = (w 1 , w 2 ,...,w l ) are the weight of genes.
As shown in Eq. (1), the first part is the sum of weighted dissimilarity distance among samples and the cluster they belong to evaluated by the kernel method. This part will reach its minimum value only when there is one gene that is completely relevant and the others are irrelevant. The second part is the sum of squared weights of genes, which will only reach its minimum value when all genes are equally weighted. Therefore, by combining these two parts, the optimal gene weights are obtained, then the feature genes can be selected.
To minimize J with respect to the restriction Eq. (10), the Lagrange multipliers methods were applied as follows:
So, the partial derivative of J(w k , λ) is given by:
The J(w k , λ) reaches its minimum when the value of the partial derivative is zero. So, w is calculated as follows:
Based on Eq. (13), the KBCGS method chooses 1 l as the initial weight of w k . In the second part of Eq. (9), the choice of δ is quite important since it represents the distance of genes. The value of δ should ensure that both parts are of the same order of magnitude, so according to SCAD algorithm [28] , the δ is calculated iteratively as follows:
Where α is a constant which influences the value of δ, with a default value of 0.0S5. The Gaussian kernel is employed in this algorithm:
Where, γ 1 > 0 is a free parameter and the distance can be expressed as:
The max number of iteration is 100, and θ = 10 − 6 . The features of the improved method are outlined below. Similar to KBCGS algorithm [20] , the clustering objective function is defined:
where w = (w 1 , w 2 ,...,w l ) are the weight of genes. The DKBCGS method calculates δ iteratively according to Chen's approach [20] , however, it is improved the iterative method to calculate w by deriving the following formula:
and instead of Gaussian kernel, the double RBF-kernel is used as mentioned in Eq. (5).
The initial value of δ in Eq. (13) is important in our algorithm since it reflects the importance of the second term relative to the first term. If δ is too small, the only one feature in cluster i will be relevant and assigned a weight of one. All other feature will be assigned zero weights. On the other hand, if δ is too large, then all feature in cluster I will be relevant, and assigned equal weights of 1/n. The values of δ should be chosen such that both terms are of same order of magnitude. In all examples described in this paper, we compute δ iteratively using Eq. (17) as SCAD method, see [28] .
Through improving the iteration method, we achieve less iteration, therefore an improvement toward convergence compared to the KBCGS method. As previously mentioned, gene expression datasets are often linearly non-separable, so choosing an appropriate nonlinear kernel to map the data to a higher dimensional space has been proven efficient.
Implementation
The algorithm can be stated using the following pseudocode:
Input: Gene expression dataset X and class label vector y;
Output: weights vector w of genes; Use Z-score to normalize the original data X; Use Eq. (3) ; Until: J (t + 1) -J (t) < θ. Return w (t + 1) . We constructed SVM and KNN classifiers for each dataset. These methods have been introduced in the Additional file 2. A 10-fold cross validation was used as the validation strategy to reduce the error and obtain classification accuracy.
The whole experiment was performed using MATLAB. To determine the value of hyperparameters, we use the grid search method. Figure 3 shows the change of in the average error rate with the change in the number of selected feature genes by employing DKBCGS. It is obvious that there is a great improvement in the results when the selected feature genes number increases from 1 to 20. In order to identify the optimal performance of all datasets, the number was restricted from 1 to 50.
Results
To validate the performance of DKBCGS method, it was compared with some commonly used filter-based feature ranking methods namelyχ 2 -Statistic, Maximum relevance and minimum redundancy (MRMR), Relief-F, Information Gain and Fisher Score. These methods have been introduced in the Additional file 1. Also, the improved approach was compared with KBCGS [20] .
Dataset description
The four datasets used as benchmark examples in this work are shown in Table 1 . The specifics of these datasets are outlined in the Additional file 3.
Discussion
By using the two-class datasets, the performance of proposed method, in comparison to the other six methods, was evaluated by calculating the accuracy (ACC), the true positive rate (TPR) and the true negative rate (TNR). Table 2 and Table S1 shows the results of the two-class datasets. These results indicate that the proposed method has high accuracy and short runtime in both the SVM and KNN classifier, while MRMR also performs well in the KNN classifier. Fig. S1 tell us that the expression of the characteristic genes selected by the proposed algorithm has significant differences in the expression level of normal/diseased samples.
Gene-set enrichment analysis is used to identify coherent gene-sets. Fig. 5 show us that the genes (dataset: colon Fig. 3 Average error rate versus different number of selected feature genes cancer), selected by DKBCGS, enriched in strongly connected gene-gene interaction networks and in highly significant biological processes. Furthermore, the significant difference between the expression profiles for the top-ranked genes selected by DKBCGS in the form of a color map in Fig. 6 (a) and the expression profiles for eight genes chosen randomly from the base is presented in Fig. 6 (b) confirms the good performance of the proposed selection procedure.
Classification accuracy
TP, TN, FP, FN are the True Negatives, True Positives, False Negatives and False Positives, respectively.
As the number of positive samples and negative samples using the two-class datasets are not equal, the true positive rate (TPR) and the true negative rate (TNR) were used as another strategy for measuring the performance, considering both the precision and the recall of the experiment under test. Precision represents the number of correct positive results divided by the number of all positive results. Recall is the number of correct positive results divided by the number of positive results that should have been returned. Therefore, the TPR and false positive rate (FPR) are calculated as follows:
True positive rate
True negative rate Table 2 shows the results of the two-class datasets. The runtime of DKBCGS, being less than 0.1 s, is much shorter than others, except for runtime of MRMR-SVM in the DLBCL dataset, that is, the proposed double-kernel model can efficiently reduce computation complexity. Regarding accuracy, the proposed method also performs well, reaching 100% in SVM classifier and slightly less than that of MRMR in KNN classifier. Taken together, these results indicate that the proposed method has high accuracy and short runtime in both the SVM and KNN classifier, while MRMR also performs well in the KNN classifier. Also, the average ROC (Receiver Operating Characteristic) curve was plotted for further evaluation in Fig. 4 . A further comparison with KBCGS in four datasets, calculating average results of KNN and SVM, is shown in Additional file 4: Table  S1 . The results clearly demonstrate that the improved approach DKBCGS performs better in both runtime and accuracy. Fig. 4 The distribution of the two-class samples mapped on the two most important principal components at representation of vectors x by 50 most significant genes (a) and at application of all genes (b). The horizontal axis is the first principal component and the vertical axis is the second principal component. Black marks represent different categories of the centers Fig. 5 GO Enrichment Mapping the cluster-specific genes for the DLBCL dataset (P-value < 0.001). We firstly identified significant GO terms on the g: profiler web interface. Then we used the enrichment map plug-in in Cytoscape [29] to visualize these significant GO terms. Each node represents a GO term and each edge represents the degree of gene overlap (Jaccard similarity) that exists between two gene sets corresponding to the two GO terms Regarding the gastric cancer dataset, we have mapped the multidimensional observations into 2-dimensional space formed by the two most important principal components.
Two cases have been investigated. The first approach deals with using the original vectors only containing 50 genes selected by the fusion procedure. Fig. 5(a) depicts this case in which only the best representative genes in the vector x are used. For comparison, the Principal component analysis (PCA) was repeated for the full-size original 2000 element vectors containing all genes. The graphical results of the sample distribution are presented in Fig. 5(b) . Large bold symbols of the circle and x represent the centroids of the data belong to two classes.
Furthermore, the first fifty top-ranked gene expression levels were analyzed in the gastric cancer dataset using the various methods as shown in Additional file 5: Figure S1 . It can be clearly seen that the expression of the characteristic genes selected by the proposed algorithm has significant differences in the expression level of normal/diseased samples, therefore has some research value.
Gene-set enrichment analysis
Gene-set enrichment analysis is useful to identify coherent gene-sets, such as pathways, that are statistically overrepresented in a given gene list. Ideally, the number of resulting sets is smaller than the number of genes in the list, thus simplifying interpretation. However, the increasing number and redundancy of gene-sets used by many current enrichment analysis resources work against this ideal. Gene-sets are organized in a network, where each set is a node and links the representative gene overlap between sets [26] . So, as to dataset DLBCL, the genes selected by DKBCGS enriched in strongly connected gene-gene interaction networks and in highly significant biological processes (Fig. 6) .
To illustrate the results in a graphical form, the expression levels of the selected genes (dataset: colon cancer) are presented in Fig. 7(a) . This figure shows the image of the expression profiles for the top-ranked genes selected by DKBCGS in the form of a colormap. The vertical axis represents observations and the horizontal axis represents the genes arranged according to their importance. There is a visible border between the cancer group and the normal group. For comparison purposes, the image of the expression profiles for eight genes chosen randomly from the base is presented in Fig. 7(b) . There is a significant difference between both images, which confirms the good performance of the proposed selection procedure.
Both Table 3 and Table S2 show the results of the multiclass datasets. Both tables clearly show that the KBCGS can reduce runtime with high accuracy in other multiclass datasets. When using the lung cancer gene expression data, there is a substantial improvement in the accuracy of the classification using the double RBF-kernel algorithm for each of the feature subsets, which demonstrates that the KBCGS method can select the appropriate genes efficiently compared to other methods. For lung cancers, the feature genes selected by the double RBF-kernel algorithm also result in a higher accuracy. It not only improves the accuracy of the classification of gene expression data, but also identifies informative genes that are responsible for causing diseases. Therefore, the double RBF-kernel method is better than the Χ2-Statistics, MRMR, Relief-F, Information Gain, and Kruskal-Wallis test. Also, the significant difference between the Fig. 6 The colormap of the expression profiles for nine most significant genes selected by DKBCGS (a) and for 9 randomly chosen genes (b). The red line distinguishes between cancer samples and normal samples expression profiles for the top-ranked genes (dataset: Lymphoma) selected by DKBCGS in the form of a color map in Fig. 8 (a) and the expression profiles for 20 genes chosen randomly from the base is presented in Fig. 8 (b) demonstrates the good performance of the proposed selection procedure.
Comparison of multiclass datasets
For the multiclass datasets, the performance of all methods was evaluated by computing accuracy (ACC) and run time (Time). The results are shown in Table 3 . Also, further comparisons were made with KBCGS in other multiclass datasets, see Additional file 4: Table S2 . Fig. 8 The colormap of the expression profiles for 20 most significant genes selected by the proposed method (left) and for 20 randomly chosen genes (right). The red line distinguishes between different classes Fig. 9 The quantile-quantile plot of top ranked 50 genes (left) and all genes (right). The horizontal axis is the theoretical quantile, the vertical axis is the sample quantile, and the red circle represents a significant gene Both tables clearly show that the proposed method can reduce runtime with high accuracy. When using the lung cancer gene expression data, there is a substantial improvement in the accuracy of the classification using the double RBF-kernel algorithm for each of the feature subsets, which demonstrates that the double RBF-kernel method can select the appropriate genes efficiently compared to other methods. For lung cancers, the feature genes selected by the double RBF-kernel algorithm also result in a higher accuracy. It not only improves the accuracy of the classification of gene expression data, but also identifies informative genes that are responsible for causing diseases. Therefore, the double RBF-kernel method is better than the Χ 2 -Statistics, MRMR, Relief-F, Information Gain, and Kruskal-Wallis test. Also, the Information Gain method turns out to be highly competitive. Fig. 10 The t-score plot and the p-value plot of the top ranked 50 genes (bottom 2 graphs) and all genes (upper 2 graphs). The horizontal axis is the t-score/p-value, the vertical axis is the number of genes in each interval
In the second part of the experiment, the expression level of the selected genes (dataset: Lymphoma) was represented as before in Fig. 8(a) . It shows the expression profiles for the top-ranked genes selected by fusion in the form of the colormap. There is a visible border between the different groups. Note that the images of the expression profiles for 20 genes are chosen randomly, see Fig. 8(b) . There is a significant difference between both images, which demonstrates the performance of the proposed selection procedure.
Differential gene expression analysis
The top 50 genes of Gastric cancer dataset were analyzed by applying the paired t-test method to obtain the t-score, p-value plot and the quantile-quantile plot of these genes. The quantile-quantile plot is mainly for identifying the gene expression levels of two classes. The results, as shown in Figs. 9 and 10, clearly show the difference between the feature genes obtained by DKBCGS and the original data. All the genes were divided into genes with significant attributes, and have a low p-value (average p-value = 0.023). Finally, this proves that DKBCGS has a certain statistical significance.
The t-score plot shows the normality of the data and the rationality of using the paired t-test. We can also conclude from the histogram of p-value that the paired t-test is significant because of the vast majority of p-value falls in the very end of the group of the histogram.
Between two groups of variables, a t-test is performed on each gene to identify significant differences in all genes and feature genes selected by our method, and a normal quantile map can be obtained by t-scores. A histogram of t-scores and p-values was used to study the test results.
